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 ABSTRACT 
 
It is commonly accepted that wet roads have higher risk of crash than dry roads; however, 
providing evidence to support this assumption presents some difficulty. This paper presents a data 
mining case study in which predictive data mining is applied to model the skid resistance and crash 
relationship to search for discernable differences in the probability of wet and dry road segments 
having crashes based on skid resistance.  The models identify an increased probability of wet road 
segments having crashes for mid-range skid resistance values. 
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1 INTRODUCTION 
 
Highway design criteria are used by road authorities to maximise the safety of the motoring public 
[1]. These criteria aim to develop roads that sustain set maximum traffic volumes at certain traffic 
speeds with low crash rates by deploying suitable road surface design, appropriate road geometry, and 
using safety features and signage to produce roads that are safe for drivers.  There are many causes of 
crashes, and a report by Queensland Department of Transport and Main Roads (QDTMR) identifies 
wet road as one of fourteen documented causes [2]. Generally, during the sequence of events leading to 
a crash, the driver applies an evasive manoeuvre. Road friction and skid resistance then become highly 
significant.  
Driver folk-law commonly accepts the notion that wet roads are more dangerous than dry roads 
with raised risk of crashes in wet conditions [3, 4]; however, difficulties arises in the quantification and 
identification of the causes of the increased crash risk. Road asset managers need to know which road 
variables are significant in reducing the probability of crashes in a particular situation.  Researchers 
such as Cairney [5] state that skid resistance is the best established relationship to crash risk, and this 
paper contributes to the knowledge of  skid resistance in its  impact on crashes in relation to wet and 
dry road surface.   
The paper presents a data mining case study to show the crash performance of roads throughout the 
range of  skid resistance in wet and dry conditions. This paper attempts to search for evidence that 
associates reduced performance of the road surface and its skid resistance with wet road conditions. 
Predictive data mining models using decision trees and regression trees were used to establish a 
benchmark model for skid resistance versus crash probability for all crashes. QDTMR granted access  
to relevant road and crash datasets from the years spanning 2004 to 2007, including annual road asset 
summaries for the whole road network, texture depth and skid resistance testing results. Crash sets 
identified the road segment, crash type, severity of crash, atmospheric information, road wetness status, 
lighting and so on. No personal or vehicular information was available.  
Modelling datasets were assembled from crash and non-crash instances to allow the comparison of 
road with and without crashes, and between wet crashes and dry crashes. The predictive models show 
generally that a reduction in skid resistance increases the likelihood of crashes on a road segment. 
Models generated for wet crashes and dry crashes demonstrate an increased likelihood that roads will 
have crashes for wet road segments in certain skid resistance ranges. Scaling of the skid resistance 
readings was found to be significant, with models based on the 100 metre skid values showing a peak 
in probability of crashes on wet road surfaces in the mid skid resistance ranges from 0.35- 0.45. 
Comparison of  wet and dry crash count distributions based on daily traffic averages (AADT) and skid 
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resistance show a pronounced crash count elevation (crash hot spot) including this  range of skid 
resistances for wet crashes.   
 
 
2 BACKGROUND AND RELATED WORK 
 
This section outlines significant  information and research relating to roads and crashes  that relate to 
our paper and  used prior studies to establishes the credentials of data mining tools  in studying road 
crashes.  
 
2.1 Road engineering questions 
Effective road-tire friction is essential to vehicles being able to travel safely on the road.  Sullivan 
[6] states that the two fundamental questions when evaluating pavement surface are: 
•   Is the vehicle going to be able to stop in the required time/ distance? 
•   Is the vehicle going to be able to negotiate the curve without losing control?  
Road surface characteristics such as skid resistance play an important role in determining the 
stopping distance and ability to negotiate curves. While studies such as Chong et al. [7] and many 
others document the relationships between crashes and a combination of road characteristics, the goal 
of this paper is determine the importance of the  role of skid resistance alone. 
 
2.2 Braking characteristics 
The understanding of the role of skid resistance in braking and its relation to wet crashes is 
important in controlling the mechanism of road crash. Norsemeter [8] describes differences in braking 
characteristics on roads with similar friction coefficients.  On some roads the initial braking force fades 
away more quickly than on others during a braking episode, thus making them more dangerous.  A 
road friction measure is proposed by The Permanent International Association of Road Congress 
(PIARC).  Called  the International Friction Index (IFI), the measure has two components; a measure of 
friction, and a gradient describing frictional fall-off as the tire goes from beginning to skid to full skid. 
Main Roads (2007) describes the two measures: 
 F60 is the standardised friction measure (friction factor) at a 60 km/hr tire slip speed. 
 Sp is the gradient of the friction versus slip speed relationship and is an indicator of the speed 
dependency of the recorded friction value.  Norsemeter [8] and Sullivan [6]  provide the 
following formula to describe the relationships in braking friction: 
The coefficient of friction µi at a given slip speed can be given by  
 
µi=µ60 e 
((60-v
i
)/Sp)           
(1) 
 
µ60 is the friction at slip speed 60 km/hr 
vi is the slip speed of the wheel (0 when full brake before skidding, vehicle speed when skidding) 
Sp is the speed number, a linear equation defining the change in friction vs. slip speed. Thus while skid 
resistance alone does not indicate the full frictional characteristic of the road surface, this paper focuses 
on examining only the affect of measured skid resistance (F60) on crashes. 
  
2.3 Braking in wet conditions 
Norsemeter [8] describes the reduction of effective braking caused by wet road surface at 30%. 
Sullivan [6] describes that in wet conditions frictional effectiveness of road surface microtexture is 
reduced in effectiveness, and the strain relation between the tire and macrotexture asperities becomes 
the predominant form of braking. Braking effectiveness diminishes with speed. Sullivan maintains that 
sharp edges on the macrotexture asperities become a factor in the effectiveness of strain braking, 
because of the contribution to developing dry patches between the tire and the asperities; thus road 
surface wear becomes a factor.  Depth of the asperities (texture depth) is thought to be important in wet 
conditions, allowing drainage of water from between the tire and reducing the risk of braking and 
control due to aquaplaning.  Norsemeter quantifies the aquaplaning threshold at 2mm water depth with  
less than 0.5 mm depth required for maintenance.  Road surface drainage is a well known [9]). Wet 
roads transition through two main stages: when raining and draining when aquaplaning is likely; and 
when the road has drained and the surfaces are wet.  While detailed examination of most of these 
attributes will occur in later studies, the skid resistance value to some degree is affected by many of 
these factors, and thus their consideration may be useful for further analysis. 
 
2.4 Data mining and road crash studies 
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There have been a number of studies that unitize data mining to analyse road and crash, thus data 
mining techniques are contributing to road and crash knowledge.  Amando [10], presents the  use of 
data mining methodology to describe pavement property distribution and predict the remaining life of 
road pavement.  Using a binary variable, the models were used to classify pavements at risk.  Chang, L. 
and Chen, W.[11] establishes the use of the data mining CART algorithm in a study of  accident data of 
National Freeway 1 in Taiwan 2001–2002.  The study compared the CART model and a negative 
binomial regression model in an example studying the relationship between traffic accidents and 
highway geometric variables, traffic characteristics, and environmental factors. The study found that 
the data mining outcomes correlated positively with statistical outcomes and concluded that data 
mining was a legitimate method for studying road crash scenarios. Wong and Chung [12] developed an 
outcome showing that roads that were normally safe may still become dangerous under certain 
conditions with high-risk drivers. Data in the study is predominantly crash type and person related. 
To the best of our knowledge, no specific studies document wet and dry road surface skid resistance 
and crash probability using data mining. In this paper we present predictive data mining tree-based 
methodology to examine the differences in probability of a road segment having crashes across the 
range of skid resistance between wet and dry road surfaces. All crash-road instances with skid 
resistance readings available from QDTMR  from 2004- 2007 are included. 
 
3 DATA MANAGEMENT AND METHOD 
This section outlines the research question and the model, describes the dataset development, 
examines alternative models considered, and provides details of the selected model. 
 
3.1 Research questions and method outline 
The two research questions were: firstly to determine the effect of skid resistance on the probability 
of a 1 km road segment belonging to the set of road with  crashes; and subsequently examine the effect 
that wet crash had on that probability. The first question was examined by combining two set of roads, 
road segments with crashes with a set without crashes, then using data mining decision tree and 
regression tree algorithms to partition the sets into skid resistance bands. Probabilities were estimated 
from the ratio of crash and non-crash instances in each skid resistance band.  The second question, the 
affects of wet crash was studied by preparing wet and dry crash versions of models using crash data 
only  and comparing the probabilities.  
 
3.2 Datasets development 
Crashes where selected from road segments with skid resistance reading, and of all crashes, one 
third (16,750) could be included. To complete the crash dataset, an over-sampled set of non crash 
instances were added from road segments with skid resistance values but without crashes.  This zero 
altered counting set [13] allowed comparison of the road characteristics of crash and non-crash roads 
segments.  A binary target-variable named has_crash (“road segment has crash”) indicated the crash 
status of each road instance. Scaling of continuous variables is critical in data mining and the difference 
in scaling of skid resistance variables demonstrates this; the original 2004-2007 data from QDTMR 
trials with 100 metre road-lengths performed well whereas the alternative averages calculated to match 
the homogeneous (1 km mostly) road segment performed poorly. 
Wet and dry crash instance count totalled 2,855 and 13,859 respectively. With non-crash road 
samples included (the zero-altered counting set), datasets were: wet: 5850; and dry 30,644. Models 
were tested with both the 100 metre and  1 kilometre averages skid resistance values. 
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3.3 Evaluating  approaches 
Several approaches were tried. The most successful, the road segments having crash model, 
predicting the binary target has_crash. When populated with a full set of road attributes, the model 
accounted for 69% of the 
instances (R-squared of 0.69).  
Table 1 shows development of 
that model, and demonstrates the 
increasing accuracy at each stage 
with the addition of road 
attributes. This model was an 
important milestone in the study 
and detailed analysis will be 
provided in later reports. 
 Further models were tired. 
We sought to develop a model to 
yield wet crash rules. Using the 
crash-only dataset, and a binary 
target formulated on crash 
proneness of road segments 
(those road segments having more 
than 8 crashes over the four year 
period), we used a substantial set 
of road attributes including wet 
crash. While the model produced 
a reasonable R-squared value of 
0.56, rules relating to wet crash 
were very rare.  
Yet a further models using wet 
crash as a target, with input of road attributes, returned an R-squared value of only 3%. Addition of 
crash attributes saw an improvement to 15%; still very low. These models will be revisited during the 
rule analysis stage of the study. 
 
3.4 Details of the selected model: road segment having crashes for wet and dry roads 
Predictive data mining models using decision trees and regression trees were selected as the 
primary modelling algorithm, because the graphical tree output and rules gave stakeholders rich and 
comprehensible result.  The road segment crash status (has_crash) was the target, with skid resistance 
(F60) as the only input factor.  Separate models were  developed for all crashes, dry crashes and wet 
crashed.  
The dataset with all crashes was used to established a benchmark. The results, depending on the 
configuration and dataset, produced a range of leaf nodes across the skid resistance range.  Model post-
processing was performed to compare the results. Probabilities were tabulated and compared using 
charts. The individual wet and dry crash models were then created and results compared. Figure 1 
shows the process flow of the model and subsequent post-processing to develop the skid resistance vs. 
road segment probability profiles for the wet and dry crash scenarios.   
 
 
Figure 1. Structure of models used with skid resistance to compare road segments having crash 
for wet crashes and dry crashes.  
 
 
Variables added to model 
 R Squared 
on 
Validation 
Data 
No of 
Rules 
Predominant  
variables  
order of 
precedence 
Skid Resistance (F60) 0.201393 54 Avg_F60 
Add Intersection 0.207609 41 Avg_F60 
INTERSECTION 
Add  
SEAL TYPE, 
SEAL AGE, 
Text Depth 
0.409653 93 SEAL TYPE 
Avg_F60 
SEAL_AGE 
 
Add  
ROAD_TYPE, 
SPEED_LIMIT, 
LANE_COUNT 
0.529152 92 SPEED_LIMIT 
SEAL_TYPE 
TEXT_DEP 
SEAL_AGE 
Add  
PAVEMEMT_WIDTH, 
ROUGHNESS_AVERAGE, 
RUTTING_AVERAGE 
0.577703 79 SPEED_LIMIT 
SEAL_TYPE 
PAV_WIDTH 
TEXT_DEP 
Add  
CARRIAGEWAY_TYPE 
0.587308 73 SPEED_LIMIT 
SEAL_TYPE 
PAV_WIDTH 
Add All Cracking 0.57984 82 SPEED_LIMIT 
SEAL_TYPE 
PAV_WIDTH 
Add AADT 0.690838 101 AADT 
SPEED_LIMIT 
PAV_WIDTH 
Table 1 Development of  road segment having crash model 
with progressive addition of road attributes 
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The models were able to predict with a degree of accuracy at the upper and lower extremes of the 
skid resistance range with the proportion of correctly predicted instances at up to 80% for high and low 
skid resistance values, but with accuracy of about 52% (chance allocation) in mid-ranges values.  
Both generalized and detailed views were developed by pre-pruning the trees to produce small trees 
resulting in fewer and wider skid resistance bands or larger precision trees with narrower bands.  
Generalized models produced a smooth progression demonstrating a decrease in probability of crash 
with increase in skid resistance, whereas the precision models with larger trees produced leaves and 
narrower bands of skid resistance produced a higher resolution view. The detailed views showed 
fluctuations of probability between each leaf. The fluctuations are thought to be caused by the impact 
of road / crash characteristics not included in the model, many those in Table 1. 
 
4. RESULTS AND DISCUSSION 
This section establishes the benchmark charts from the data mining output that shows probability of 
road segments having crashes for the dataset of all crashes, along with comparative wet and dry crash 
models.  Charts from the source data were also developed to help resolve issues with the data mining 
results, and highlight road segment skid resistance distributions and road segment crash count 
distributions for wet and dry crashes.  
 
4.1 Establishing the road having crash benchmark with all data 
Models show a strong relationship between skid resistance and the target road segment having 
crash, demonstrating the trend of increased probability of a road having crashes with a decrease in skid 
resistance.   The chart showing all 
crashes (Figure 2) compares the 
plots for the generalized with higher 
resolution (precision) models. The 
generalized model (dotted line), 
with skid resistance bands wider 
apart, shows a consistent plot. In 
this plot the  variations in 
probability cancel out within the 
wider bands, whereas in the 
precision model (solid line), 
narrower skid resistance bands show 
fluctuation above and below the plot 
of generalised model. Trees with 
even narrower skid resistance bands 
show more frequent fluctuations 
corresponding with the bands.   
The coefficient of determination 
for the model (R-Squared) is around 
0.2, demonstrating that the model  has little value in predicting road segment having crashes if used 
with other data sets; however, higher levels of predictive accuracy were found towards the extremes 
where skid resistance is highest and lowest and affects road segment crash outcome most.   
Statistical regressions were performed on the resulting probabilities plots, and after removing the 
lowest skid resistance value, equations 1 and 2, based on average 1 km skid resistance values, show a 
high correlation between skid resistance and the probability of a road segment having crash, with 
equation 2 having a lower r-squared because of the increase in variance found in the precision model. 
 
The regression equation for generalized tree 
Probability (generalized)= 1.43 - 2.28 F60 avg of range    (1) 
R-Sq = 93.2%   R-Sq(adj) = 91.8% 
 
The regression equation for detailed tree 
Probability (detailed)  = 1.51 - 2.46 F60 avg of range  (2) 
R-Sq = 71.3%   R-Sq(adj) = 68.9% 
 
These results were used to compare models for wet and dry crashes. Comparative wet and dry  
models were generated using 1 km and 100 metre  skid resistance values to determine the best skid 
resistance scaling to use . The 1 km skid resistance average models are shown in Figure 3 & Figure 4 
and are used to compare with 100 meter skid resistance models in Figure 5. 
 
0.60.50.40.30.2
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0.7
0.6
0.5
0.4
0.3
0.2
0.1
0.0
Avg_F60- mean of range
P
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b
a
b
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detailed
generalized
Type
Generalized and detailed models: probability vs avg_F60
 
Figure 2  Skid resistance vs. probability of a road having 
crashes, detailed and generalized regression tree models 
(all crash) 
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4.2 Comparing wet and dry road 
segment having crash (1 km 
skid resistance values) 
Separate wet crash and dry crash 
data mining models were developed 
and compared using both the one 
kilometre and 100 metre road segment 
averaged skid resistance values. The 1 
km skid resistance measure models 
show little difference between wet 
and dry crash scenarios. Wet and dry 
plots of the generalized model (Figure 
3) shows very similar probability of 
road segment having crashes within 
the skid resistance range. Still using 
the 1 km skid resistance values, wet 
and dry plots (Figure 4) show that the 
narrower skid resistance ranges of the 
precision tree produces a less clear 
relationship between wet and dry, 
with fluctuations in probability of 
having crash varying above and below 
the more consistent generalized curve 
in Figure 3.  The chart does not 
clearly show a difference between 
probability of  a road segment having 
crash for wet and dry road surfaces. 
 
 
4.3 Comparing wet and dry road 
segments having crash(100 
metre skid resistance values) 
Results from precision road crash 
models for wet and dry surfaces, 
having the higher resolution skid 
resistance values, using the 100 metre 
skid resistance values  rather than the 
one kilometre averages, produced a 
substantially different outcome. This 
unexpected results displayed a much 
more uniform probability curve and a 
range of raised crash probability  
 
This model shows that, for this 
dataset, generally the wet crashes 
have lower probability of road 
segment crash than dry crashes, 
except for a significant peak of skid 
resistance represented by the range 
average between 0.34 and 0.45.   
 
4.4 Additional evidence from source data plots 
To attempt to resolve the conflict between the models a series of box plot charts were developed to 
profile the data; however, this graphical benchmarking did not provide the expected evidence that a 
substantial difference existed between the ranges of skid resistance for crashes with wet and dry road 
surfaces.  The box plot charts (Figure 6) developed with 100 metre skid resistance values, show 
similarity between skid resistance distribution for wet and dry crashes, with the chart showing a near 
identical mean (average) skid resistance 0.36 and similar inter-quartile values ranging from 0.32 to 
0.42. 
 
 
Figure 3  Relationship of increasing probability of 
road segment crash with a lowering of skid resistance 
for wet and dry crash models  (1 km skid resistance) 
 
Figure 4   Relationship of increasing crash-proneness 
of road segment with a lowering of skid resistance for 
wet and dry crash models (1 km skid resistance) 
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Figure 5  Model of the probability of wet and dry road 
having crash (100 metre skid resistance averages  
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Introduction of road intersection data into the model shows that crashes associated with 
intersections generally demonstrate a range of skid resistance value of 0.05 points lower (about 12% at 
the mean) than crashes without 
intersections (Figure 7); however, the 
wet/dry pairs for intersections and 
non-intersections show that there in 
significant similarity between crashes 
with wet or dry road surface. 
 Statistical ANOVA results,  
testing equality of averages between 
wet and dry crashes, support the 
observation of  similar skid resistance 
averages; 0.362 and 0.365 
respectively. With confidence 
intervals configured to 0.95, the 
model p-value of 0.12  provides 
insufficient evidence to reject 
averages being equal. Intersections, 
however, report skid resistance 
averages of 0.386 and 0.332 and a p-
value of 0, providing strong evidence 
to accept a difference of average. 
Further investigation discovered these 
same patterns were present within 
different road types (Figure 8). 
 These whole of model statistics 
and charts based on 100m skid 
resistance values do not discern the 
differences expected and contrast 
with evidence from the corresponding 
100m skid resistance data mining 
models (Figure 5).  Investigation with 
more discerning methods was 
required to resolve the contradictory 
outcomes. 
 
4.5 Distribution of road segment 
crash count by skid resistance 
and AADT 
In the endeavour to support the 
hypothesis  that differences exist 
between wet and dry crashes 
expressed in the precision model with 
high resolution skid resistance 
readings (Figure 5), a higher resolution 
charting measure was sought. Road 
segment crash count values were 
deployed.  Road segment crash count 
method are used in crash analysis, 
exampled [14], and the method was 
adopted. Road segment crash count 
values ranged from 1 to 100 for the 
four year period 2004 to 2007. To 
provide a more detailed and 
meaningful distribution of crashes 
with respect to skid resistance, the traffic density measure, annual average daily traffic (AADT) was 
used to resolve crash counts.  AADT is the predominant splitting attribute in the classification model in 
Table 1, and a component of the crash rate unit, crashes per million VMT (vehicle miles travelled) used 
by road authorities. Contour charts (Figure 9 &Figure 10) display road segment crash counts 
transposed on skid resistance/AADT axes for crashes with dry and wet road surfaces respectively.  The 
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Figure 8  Skid resistance distributions for wet and dry 
crashes with intersection and road type data 
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Figure 7. Skid resistance distributions for intersections 
and non-intersections, and wet and dry crash 
distributions of each.  
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Figure 6.  Skid resistance distributions for wet and dry 
crash.  
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crash count values displayed on the chart were calculated by an interpolation algorithm in the chart 
using the set of crash counts within individual grid elements. The emerging charts showed significant 
differences between wet and dry crash rate distribution lending support to the data mining model with 
100 metre skid resistance scaling, in contrast to the similarity between wet and dry distributions in the 
whole-of –model skid resistance average in the box plots, ANOVA results, and the 1km  wet and dry 
data mining models. 
The crash observations appear as points on the chart and give an indicator of the density of the 
crashes in the skid resistance/ AADT plane, while contours show the an aggregated value of crash 
counts for each set of  road segment crash instances at each point on the chart.  
The dry crash count contour charts (Figure 9) shows the dry crash count distribution. The majority 
of crashes occur in the lower AADT range where roads have a low crash count. Density of crashes 
shows normal distribution across the range of skid resistance values which approximately correlates 
with the normal distribution of road segment skid resistance values.  The chart shows a region of 
highest road segment crash count (a crash hot-spot) at skid resistance between 0.16 and 0.2 with traffic 
rate (AADT) range centring around 20,000 vehicles per day. Distribution is not uniform with a number 
of minor crash hot spots shown.  However, reduction in crash rate occurs as skid resistance rises, 
correlating with the relationship shown by the data mining models (Figure 3, Figure 4 & Figure 5).  
 
 
Figure 9  Distribution of dry-crash road segment crash count with 100 metre skid resistance and 
AADT   
The wet crash count distribution chart (Figure 10) shows a much wider distribution of elevated road 
segment crash than the dry crash chart in Figure 9,  with the wet model showing a prominent band of 
elevated crash rates (hot-spots) across  the AADT spectrum that include the skid resistance range 
between 0.3 and 0.5.   
Comparisons of the crash counts show the dry chart road segments have higher crash counts than 
the wet: possibly because the road surfaces are generally dry for longer than wet.  No data was 
available for the time period that road segments were wet, and the distribution would not be even from 
road segment to road segment, thus comparisons made between wet/dry counts from the contour values 
between corresponding areas would be dubious.  
The contours in each chart, however do point to a difference in distribution of crashes between wet 
road surfaces and dry surfaces. The wet crash totals and dry crash of totals as a proportion of total crash 
are 0.17 and 0.83 respectively, and the maximum crash counts of 16 and 87 respectively are in similar 
proportion. The differences in the distributions of the charts are: 
 The dry crash count maximum  area is found in the lower skid resistance and traffic rate 
(AADT) ranges . 
 Wet road surfaces crash count maximums occur in the mid-skid resistance range and in several 
bands of AADT from 10,000 to 50,000 vehicles per day.  
 While bands of heightened crash do occur in the dry crash model, they are substantially  below 
their value in proportion to the maximum crash count, representing only a quarter of the value 
of the equivalent  areas of heightened crash count in the wet model. 
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Figure 10  Distribution of wet-crash road segment crash count with 100 metre Skid Resistance 
and AADT   
 
While the distributions in the contour charts in Figure 9 & Figure 10 do not represent exact science, 
they do show a shift in the distribution of heightened crash count towards higher skid resistance and 
higher AADT values for crashes with wet road segments. 
 
5 CONCLUSION AND FUTURE WORK 
 
The goal of this paper is to present results from the examination of the role that skid resistance 
alone played in road crash, and in particular, document the difference between wet and dry crashes. 
The data mining models demonstrated that raising skid resistance generally lowers crash likelihood. In 
differentiating between wet and dry crashes, the data mining models based on 100 metre skid resistance 
average identify a band of increased crash between 0.35 and 0.45 for wet crashes.  Crash count contour 
charts corroborate this evidence. Further work is needed in fine-tuning the skid resistance resolution. 
The variations and complexities in the wet/dry crash count charts indicate that many more variables 
are at play than just skid resistance and wet/dry crash. A predictive data mining model with input 
consisting of a set of road attributes, built on the skid resistance model, shows reasonable predictive 
accuracy and gives clues to the significance of these attributes.  The road attributes include seal details, 
road type, traffic profiles, carriageway design parameters, wear, and road geometry.  The model 
provides a successful method for future development and delivery of crash rules based on road 
attributes.  
In this paper, we present the results of the preliminary investigation of a larger data mining study 
regarding road surface and crashes.  Further work will use the road /crash understandings in authorities' 
road design specifications, with serious crash considerations, and will utilise works of Sullivan [6],  
Norsemeter [8], Sankar et. al.[13],  Ma et. al. [14] and others in the development and evaluation of 
these data mining  models and  rules.   
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